Building communities' resilience to natural weather hazards requires the appropriate assessment of such capabilities. The resilience of a community is affected not only by social, economic, and infrastructural factors but also by natural factors (including both site characteristics and the intensity and frequency of events). To date, studies of natural factors have tended to draw on annual censuses and to use aggregated data, thus allowing only a limited understanding of site-specific hot or cold spots of resilience. To improve this situation, we carried out a comprehensive assessment of resilience to typhoon disasters in Nansha district, Guangzhou, China. We measured disaster resilience on 1×1-km grid units with respect to socioeconomic and infrastructural dimensions using a set of variables and also estimated natural factors in a detailed manner with a meteorological modeling tool, the Weather Research and Forecast model. We selected typhoon samples over the past 10 years, simulated the maximum typhoon-borne strong winds and precipitation of each sample, and predicted the wind speed and precipitation volume at the 100-year return-level on the basis of extreme value analysis. As a result, a composite resilience index was devised by combining factors in different domains using factor analysis coupled with the analytic hierarchy process. Resilience mapping using this composite resilience index allows local governments and planners to identify potential hot or cold spots of resilience and the dominant factors in particular locations, thereby assisting them in making more rational site-specific measures to improve local resilience to future typhoon disasters.
Introduction
Coastal areas are facing greater and greater threats from natural disturbances, from both longterm phenomena (such as rising sea levels and climate change) and short-term weather events (such as typhoons, tsunamis, and earthquakes). However, because short-term events are characterized by sudden appearances, uncertain paths, and destructive power, when they occur, coastal regions are likely to experience many casualties and great losses of property. The 2013 Typhoon Usagi is one example of such a short-term natural disturbance that caused enormous a1111111111 a1111111111 a1111111111 a1111111111 a1111111111 damage in the southern coastal area of China (2014 Yearbook of Meteorological Disasters in China). The direct damage caused by these disasters normally includes the destruction of infrastructure, property loss, injuries, and casualties, and the indirect effects include socioeconomic instability and high recovery costs [1, 2] . Therefore, in disaster risk management, the means of reducing vulnerability and accelerating the recovery process of coastal regions-in other words, the improvement of disaster resilience-is a multifaceted challenge for policy makers. Given the greater frequency and destructiveness of coastal events in recent years, this issue has attracted increasing attention [3] [4] [5] [6] .
Although the literature emphasizes the importance of disaster resilience research and management, no consensus has been reached on a clear definition of disaster resilience [7, 8] . The concept has been taken in two main directions: some researchers have considered disaster resilience to be the product of a set of related items such as vulnerability and recovery capability [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] , whereas others have considered it to be a multifaceted concept that involves indicators as proxies for resilience in a set of sub-dimensions, such as social resilience, economic resilience, and infrastructural resilience [1, [19] [20] [21] . For the first direction, it could clarify the context of resilience and make it easily understood from a qualitative perspective, whereas conceptualization in the second direction could help to build a more applicable framework for resilience assessment. In fact, conceptualizations in the second direction usually suffer from a subjective selection of indicators in different dimensions. This problem could be mitigated in the context of resilience (e.g., vulnerability and recovery capability) as defined in the first direction. Consequently, an integrated definition is proposed in this study, in which disaster resilience is conceptualized as the ability of an urban system and its subcomponents (e.g., social, economic, infrastructural, and natural components) to withstand or rapidly return to desired functions in the face of extreme events. Therefore, indicators used to manifest the multifaceted nature of resilience in the second direction (e.g., social, economic, infrastructural, and natural components) should fully capture the characteristics of elements mentioned in the first direction (vulnerability and adaptive capacity) for content validity. Content validity is a guiding principle in initial development of a measure to ensure that all domains of the concept to be measured are included in the measure [22, 23] . As exposure is defined as one component of vulnerability, which is determined to a large extent by the intensity and frequency of a natural disaster, factors related to such characteristics of exposure should also be considered in indicator selection. In other words, factors in the natural dimension should also be included in addition to those in the social, economic, and infrastructural domains if one wishes to conceptualize resilience in light of the second direction.
In view of the different interpretations of disaster resilience, researchers have proposed a variety of frameworks to measure it [7, 16, [24] [25] [26] [27] [28] , within which sets of models or index systems are mostly used, such as the Disaster Resilience of Place (DROP) model [29] , the Climate Disaster Resilience Index (CDRI) [30] , the Resilience Capacity Index [31] , the Baseline Resilience Indicator for Community (BRIC) [21] , and the Resilience Inference Measurement (RIM) index [28] . The natural factors in these models or index systems refer mostly to site-specific characteristics (e.g., loss of wetlands and the percentage of impervious surface in the DROP model). The exceptions are the CDRI and BRIC systems, in which the characteristics of natural disasters (e.g., the intensity and frequency of natural disasters in the CDRI) or their influences (e.g., flooding buffer in BRIC) are also considered.
Although a body of research has already taken account of natural factors (e.g., the intensity and frequency of natural disasters) when measuring disaster resilience, the collection of consistent high-quality data remains a challenge when exploring natural factors [7, 32] . To overcome the problem caused by this data shortage, a few studies have applied data derived from modeling results. A landmark report in which such an approach was used was proposed by Cutter et al. (2008) [20] , who used data obtained via simulation and aggregated it at the community level to depict 100-year flooding zones and storm surge inundation zones when measuring coastal disaster resilience in New Jersey communities. In addition, success in the application of modeling outcomes was demonstrated by a set of existing vulnerability assessments, in which data were obtained by simulating the natural parameters of long-term phenomena such as climate change and rising sea levels [33, 34] . For the assessment of short-term disaster resilience, the aforementioned approaches could offer helpful inspiration for the quantification of natural factors such as wind speed and precipitation data for indexing local natural resilience to typhoon disasters.
The aim of this study was to develop a composite resilience index to assess disaster resilience by combining factors in different resilience domains. To achieve this purpose, we focus on some important issues in disaster resilience measurement, including the selection of resilience indicators, data acquisition for indexing natural factors, weight determination of each factor using factor analysis (FA) coupled with an analytic hierarchy process (AHP), and interpretation of the spatial differences in disaster resilience on the basis of the final assessment results. In addressing these issues, we attempt to assess disaster resilience in a case study of Nansha district, Guangzhou, China, where typhoons are common in summer. We first conduct simulation and prediction work to acquire indicators related to wind speed and precipitation in a high spatial resolution. We then incorporate the prediction results into microscale resilience assessment and construct a hierarchical framework for a composite resilience index using weights from both the objective and subjective perspectives. According to the assessment results, we then elucidate the spatial heterogeneity of typhoon disaster resilience and its sitespecific dominant factors within the study area. Finally, we conclude with a discussion of our findings and the implications for planning practice and natural hazard mitigation.
Study area
Nansha District in Guangzhou is located on the southeastern coast of mainland China (Fig 1) . The district has 25.5 km of shoreline, a low average elevation (about 2 m), and a subtropical monsoon climate, which make it susceptible to the effects of typhoons that originate in the northwestern Pacific. This district has undergone significant population growth and economic development over the past few decades in accordance with China's 12 th Five-Year Plan (2011) (2012) (2013) (2014) (2015) , and future development will continue due to its location connecting Guangzhou, Hong Kong, and Macao. Therefore, there is an urgent demand for the improvement of disaster resilience in this area.
Modeling wind speed and precipitation of typhoons
Nansha lies on the southeast coast of China, where it is exposed to typhoon influences all year, especially those from the northwest Pacific Ocean. Therefore, for Nansha, resilience to disasters mostly takes the form of resilience to typhoon-caused disruptions, such as gale damage and flooding. In this case, the characteristics of natural hazards in the model focus on the severity and frequency of typhoons and the damage they cause. Indicators that represent the extreme wind speeds and precipitation of typhoons could enable better resilience assessment. Because observational data, which have raw resolution in both spatial (tens of kilometers) and temporal (up to 6-hour intervals) dimensions, are not sufficiently detailed to provide the historical maximum wind speed and hourly precipitation data at the high resolution required in this study, we made use of modeling results. Twenty-four samples were selected from typhoons during the past decade according to Nansha's annual meteorological reports from 2010 to 2013 and records published on the Hong Kong Observation website. Detailed information about the 24 typhoon samples is listed in Table 1 . The maximum wind speed and maximum hourly precipitation at each analysis unit (grid square at a 1×1-km resolution) were simulated for each sample using the Weather Research Forecast (WRF) model. The modeling results of Typhoon Utor are shown as examples in Figs 2 and 3. The physical schemes used in the WRF model and the validation of simulation results can be found in S1 Text.
To construct suitable indicators to describe the frequency and severity of future typhoon disasters, we then automated the extreme value model of Gilleland and Katz (2011) [36] to predict the wind speeds and precipitation of typhoons at the 100-year return level for each grid square at a 1×1-km resolution. This approach assumes that historical records follow a generalized Pareto distribution above a threshold value, and the threshold value for this model is determined by the mean residual life plot method [37] . To determine the threshold value, we delineated the mean residual life curve of each grid on the basis of its simulated maximum values (maximum wind speed or maximum 1-hour precipitation of all typhoon samples). We then detected the minimum value with little fluctuation in the mean residual life curve as the break and chose this minimum value as the suitable threshold value. We then estimated the other two parameters needed for further extreme value analysis, the shape and re-parameterized scale, by maximum likelihood estimation. Detailed operations of this estimation method are described elsewhere [38] [39] [40] . To make it clear, the results of one sample grid were taken as an example and are presented in Fig 4. Based on the derived three parameters, we implemented the extreme value model to predict the maximum values of wind speed and 1-hour precipitation of typhoons at the 100-year return level in R using functions in the exRemes 2.0 package [41] .
Building a composite resilience index with modeling outcomes
In addition to the modeled characteristics of a typhoon disaster, to construct a composite resilience index, a number of variables should be collected as proxy measures to represent the multidimensional nature of disaster resilience. For a small-scale study, like the resilience assessment of Nansha District in this study, parameterization of resilience characteristics to disaster requires determination of the infrastructural, social, and economic factors of many sites and the corresponding geographic location data [42] . This not only involves more difficulty in the collection of data, but also implies that the resilience framework varies in different areas for which localized indicators are essential for resilience management. Thanks to data support from the local government, we collected and constructed site-specific indicators to represent the different components of resilience based on the disaster resilience literature. The indicators selected as proxies for typhoon disaster resilience are listed in Table 2 . Because no consensus has been reached on a definitive set of indicators for resilience measurement, the selection of indicators and the weight determination for each indicator are subjective to some extent. Because a composite index is a mathematical combination of individual indicators, this subjectivity would affect the reliability (internal consistency) of composite indicators during a combination process [43] . To solve this problem, this study includes a series of multivariate analyses to discriminate potentially relevant data from non-relevant data for a parsimonious set of metrics, while at the same time determining the weight of each indicator from both subjective and objective perspectives. In doing so, the multivariate analyses are divided into three steps: 1) to standardize the raw data via a Min-Max rescaling scheme; 2) to determine the weights of standardized variables via FA and derive a minimum number of upper indicators; and 3) to linearly combine the derived factors with weights assigned through the AHP and generate the final composite index of resilience.
Because the values of raw data have different dimensions and contributions to system resilience, in the first step, all raw data for the 688 grids were standardized with a Min-Max Resilience to typhoons in Nansha, Guangzhou Resilience to typhoons in Nansha, Guangzhou rescaling scheme. Different functions are used with respect to the known influences of indicators on resilience, based on previous studies of factors that increase (1) or decrease resilience (2) . After the Min-Max rescaling procedure, each variable is transformed into an identical range between 0 and 1, where a value of 0 is the worst rank for an indicator score and 1 is the best rank.
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in which r i,j : the standardized value of i th object in the j th indicator; x i,j : the original value of i th object in the j th indicator;
x max : the maximum value in the original j th indicator;
x min : the minimum value in the original j th indicator.
After standardization, the procedures focus on determining the weights of these variables for a composite index of resilience. Because a number of indicators are at the bottom level and significant high correlations are detected between these variables, conventional approaches, such as expert score, which subjectively determine the weights of indicators, probably ignore or underrate the influences from the high degrees of correlation between individual variables. To solve this problem, FA is conducted on the standardized z-scores related to 26 grid-level variables in the second step. The FA procedure could increase the differences between the components, while at the same time making variable members of each factor exhibit similar variation across the study area. After comparing extraction results based on different rotation approaches, an equamax rotation was selected as the optimal rotation method because its extracted factors are more explainable with respect to previous findings. Via the aforementioned procedures in FA, a well-defined nested structure of the index is constructed from both theoretical and statistical perspectives [49] . The component loading for an individual variable is considered to be significant at 0.4 or above. Because the adjustment has been made to the indicators' directionality during the Min-Max rescaling procedure, each of the extracted factors is expected to have a positive directionality and is believed to increase resilience.
The third step attempts to assign a weight to each factor score and combine the extracted factors into a composite resilience index. In some studies, the factor scores are equally weighted [50] or weighted by the percentage of variance explained [51] . This is considered appropriate due to the lack of justification for explicit weights and the lack of well-established relationships between variables [50] . However, this study, intended for local governments and planners, serves as a substitute for the decision-making task in their future resilience planning. The weights of factors should be determined according to their importance to the real case study rather than just reliability from a statistical perspective. Therefore, AHP is conducted as the third step to assign a weight to each factor score. The AHP approach is considered to be an efficient and flexible framework based on psychology and mathematics and is thus an ideal subjective weighting method. By analyzing the associations between factors with respect to existing studies, this approach builds up a hierarchical structure of the resilience index in Nansha District, including the goal and the first-level, second-level, and third-level indicators ( Fig  5) . The third level contains variables subordinate to the factors extracted in the second level. The first level includes indices that represent resilience in different dimensions based on the judgements of previous studies. The goal level represents the composite resilience index, which serves as the objective decision in this study. To determine the relative weight of each indicator at the same level, the analytic hierarchy process (AHP) [52] was used in this study. A comparative scale was adopted, where 1 means that the factors are equally important and a number larger than 1 means that a factor is more important than another. The comparison process was performed separately for each pair of factors under the same dimension at the lower level and for each pair of indices at the upper level. By means of the pair comparisons, judgement matrices were established for the opinions of local government and planners. A weighting vector was determined on the basis of these matrices.
To explore the discordances between the pairwise comparisons and the reliability of the obtained weights, the AHP must compute a consistency ratio (CR) by comparing the consistency index (CI) with the appropriate number listed in Table 3 , each of which is an average random consistency index (RI). The CI of a matrix of comparisons is derived by (λ max −n) / (n − 1), where λ max represents the sum of the products between the sum of each column of the comparison matrix and the relative weights and n is the size of the matrix. The RI table (Table 3 ) was derived by Saaty (1987) [52] from a sample of 500 randomly generated matrices. In the AHP, the CR value must be about 0.10 or lower. If not, it is necessary to revise the subjective judgements.
After deriving a weighting vector based on accepted subjective judgement metrics, a composite resilience index could be calculated by linear combination with respect to the extracted indices and weight assigned hierarchically following the structure in Fig 5. 
Results and analysis

Typhoon modeling
By means of extreme value analysis based on WRF simulations, the maps of maximum typhoon wind speed and maximum typhoon precipitation are shown in Fig 6. Both are at the 100-year return level with regard to local planning requirements. According to Fig 6a, the maximum typhoon wind speed exhibits a general decline from the southeast coast to the northwest, except for one hot spot in the southwest region. This is explainable because the coastal regions are considered to be typhoon-prone areas that see the highest typhoon wind speeds, and the wind strength would gradually weaken after the typhoon makes landfall. Higher predicted typhoon wind speeds indicate that these areas would suffer greater exposure to the damage caused by typhoon winds. With regard to Fig 6b, the maximum precipitation is not exhibited as regular distribution as extreme wind speed because typhoon precipitation is influenced not only by ground friction but also by other factors, such as tracks of typhoon eyes and cold air-masses.
In addition, to explore the fitness of predictions from a statistical perspective, we generate a set of diagnostics plots of each grid to using the corresponding functions in the exRemes 2.0 package [41] . For a clear explanation, a sample grid is selected (S5 Fig) and the diagnostics of Resilience to typhoons in Nansha, Guangzhou the sample grid are plotted in Fig 7, in which the WRF-simulated maximum wind speeds are labeled as the empirical dataset whereas a sample dataset drawn from the fitted GP df as the modeled dataset. In the plot of modeled quantiles against the empirical quantiles (Fig 7a) , points approach the 45˚line (y = x), indicating that the fitted GP df is in good agreement with the WRF simulation. In the density plot (Fig 7b) , the empirical density curve approaches that of the modeled density curve, indicating that the fitted GP df fits well with the WRF-simulated value. Fig 7c describes the 100-year return level for wind speed, and its plots approach the central recurrence curve drawn from the fitted GP df and are almost within the 95% confidence interval, which implies a satisfactory estimation. Therefore, according to the diagrams of the fit diagnostics, the performance of the model's predictions for the sample grid is acceptable. To extrapolate the model outcome from the sample to the population, we also performed a chi-square test. The p value was 0.2917, which is greater than 0.05 and implies an acceptable modeling result. After estimating the 100-year return levels for other grids in each typhoon sample, this model was able to predict the final distributions of extreme values of both wind speed and precipitation at the 100-year return level.
The composite resilience index
The FA of 688 populated grids in Nansha District results in nine broad factors that explain 79.76% of the total variance ( Table 4 ). The nine factors construct the second-level criteria in the hierarchical structure and at the same time are summarized in four up-level indicessocial, economic, infrastructural, and natural components of resilience-based on previous results. The first component, social resilience, summarizes two derived factors: demographics and community preparedness/service. The demographic attributes of the analysis units could be connected to social capabilities, which suggest that regions with higher illiteracy rates and larger proportions of the elderly, children, and teenagers will likely exhibit less resilience than others [49, 53] . In the study area, such regions are mostly located in rural communities. Due to lower urbanization level, most rural communities lack education resources, resulting in higher illiteracy rates. The fewer employment opportunities enforce young agricultural labor force to move out, resulting in higher rates of emigration. On this condition, most people in rural communities have very limited knowledge of disasters and labor support for disaster response and rescue [27, 44] . The different conditions between urban communities and rural communities provide context and perspective for demographic attributes that are highlighted by FA due to Resilience to typhoons in Nansha, Guangzhou their drastic variation across the study area. For the other factor, primary variables related to community preparedness/service are connected to health access, access to sanitation, transport capacity and accessibility and are used to measure how well the community functions before and after the disaster [54] . The uneven allocations of these disaster preparedness and relief facilities were also highlighted in FA and were represented by the derived community preparedness/service factor.
For the second component, economic resilience is designed to measure industry and assess exposure, economic stability, and commercial infrastructure exposure. The former factor is extracted to represent primary indicators related to demands for electricity and power and the price of land. With regard to vulnerability, as one important theme of resilience, a higher demand for electricity and power is usually related to greater industrial development and higher land prices, and the corresponding regions thus suffer greater exposure to extreme events and have greater difficulty recovering after a catastrophe. The other factor represents variables related to differences in employment and commercial establishment across the study area and indicates that the unemployment rate is associated with commercial establishment across the study area. Because a high rate of unemployment indicates less stability of livelihood support for recovery [20] , whereas dense commercial infrastructure implies a higher risk of Note: These extracted nine factors could explain 79.76% of total variance based on FA with an equamax rotation. Because input variables have been transformed through Min-Max scheme, all factors will exhibit positive contribution to final assessment of disaster resilience.
https://doi.org/10.1371/journal.pone.0190701.t004
Resilience to typhoons in Nansha, Guangzhou urban property loss and a greater recovery cost after the disaster [55] , higher values of these two indicators collectively imply lower resilience in the study area. For the third component, infrastructural resilience, two extracted factors are both related to variations based on response and rescue capabilities. Indicators related to critical infrastructure, such as drainage, fire stations, and shelters are used to represent response rapidness and redundancy [20, 49] . The variance in these indicators could cause differences in coping capability during the disaster and the recovery duration and cost afterward.
The last three factors reflect variations related to natural resilience across the study area. Under this component, the first extracted factor suggests that areas with a high elevation have greater slope, which is reasonable because most parts of Nansha District are flat, except for a set of small hills. Areas with high elevations and steep slopes have a high landslide risk during and after typhoon disasters and thus have lower disaster resilience. The second factor suggests that high wind speed varies are in accordance with engineering geological quality. With regard to the study area, areas that have a greater historical record of landslide or land subsidence are located around mountainous regions and coastal areas, where are have a high risk of strong storm damage. The last factor, typhoon precipitation, is used to represent the flooding risk coupled with drainage density, which represents the runoff efficiency.
After the FA procedure, the pairwise comparison matrix is developed individually under each component of resilience (Table 5 ) during AHP analysis. By repeating the AHP procedure, the subjective weights of the four components in the first level are then derived according to opinions of local government (Table 6 ). Consequently, the weights of factors in the second level and those of components in the first level are shown in Table 7 . Because all CR values Note: Each cell in the matrix corresponds to a pairwise comparison of factors. For example, under the social dimension, the index of community preparedness/service is considered twice as important as that of demographics, and thus the cell between the two indices is assigned 2 and the corresponding cell on the other side of the diagonal is assigned 1/2. Since it does not make sense to compare a factor to itself, the diagonal elements of the matrix are irrelevant and thus assigned null values.
https://doi.org/10.1371/journal.pone.0190701.t005
are less than 0.1, all subjective weights assigned by experts are accepted from a statistical perspective.
Geographic variations of resilience
The focus of resilience measurement research is to explore whether the analysis units are disproportionately affected by a damaging event due to differences in factors related to the social, economic, infrastructural, and natural components of resilience. To effectively reduce the possible disaster damage and accelerate the recovery process, local government and planners should understand (1) the dominant site-specific factors that give rise to disaster resilience within the area they manage and (2) the spatial pattern of resilience across their regions. Addressing these two questions could help local governments and planners to identify sites that might be more vulnerable to disaster damage or would likely have a poor adaptive capacity to response and recovery after disasters. The results of FA and AHP analysis help to answer the first question and suggest that although the whole Nansha district is exposed to typhoon disasters, geographic variation exists among different sites because of spatial heterogeneities in social, economic, infrastructural, and natural factors. By mapping the calculated composite resilience index, local governments and planners could detect potential hot spots or cold spots of disaster resilience and then further explore at a particular location the dominant components, factors, and variables at the bottom level hierarchically. In this study, a map of 1×1-km grid cells classified by the z-scores of the composite index allows one to quickly identify the hotspots within a sub-district or town (Fig 8a) rather than simply evaluate the resilience of sub-districts or towns on the basis of average scores as a whole (Fig 8b) . Just like most resilience maps at the administrative level or broad census unit level, Fig 8b could not fully capture the resilience variation across an administrative unit. For further explanation, we define high resilience class with transformed z-scores of resilience index greater than 1.0 (i.e., greater than one standard deviation from the mean of analysis Resilience to typhoons in Nansha, Guangzhou unit), medium to high resilience class with z-scores between 0 to 1.0, medium to low resilience class with z-scores between −1.0 to 0.0, and low resilience class with z-scores smaller than −1.0. We then calculate the percentage of grids in sub-districts with z-scores in different resilience classes and finally generate Fig 9 for comparison among different sub-districts (or towns). Accordingly, with regard to average resilience scores, Dongyong is considered to be in a medium to high class, whereas Dagang is considered to be in a high resilience class. However, based on the percentage of grids in each resilience class within the two towns, we could see that the percentage of grids with a low resilience score is greater in Dagang than in Dongyong. Therefore, the average resilience score of a sub-district or town as a whole would not make sense for detecting potential hot spots or cold spots in a particular location within a sub-district or town. However, a map of the grid-based resilience score could narrow this gap and help local governments and urban planners to design site-specific measures in small-scale projects.
In contrast, mapping the components of resilience could assist local governments and urban planners to identify site-specific dominant factors (Fig 10) . Using the two sub-districts in low resilience class as examples, hot spots of low resilience in Lanhe are mostly gathered around the southwest corner due to the poor natural condition of resilience and are likely aggravated by irrational economic planning and imperfect infrastructure construction, whereas the dominant factors in Nansha sub-district are mostly related to natural and socioeconomic factors rather than to infrastructural ones. In addition, from this comparison, it is worth noting that natural factors play important roles in determining the resilience class of both sub-districts. As two critical variables that represent natural resilience, the predicted typhoon wind speed and precipitation in a high spatial resolution could support the need for local governments and planners to determine site-specific measures when developing risk- Resilience to typhoons in Nansha, Guangzhou reduction strategies and not to implement generic strategies with the assumption that the whole sub-district or town has similar exposure to strong storm and flooding risk.
Summary and conclusions
The concept of typhoon resilience has introduced a new philosophy to urban systems: "living with typhoons." It should be most noteworthy for mapping the resilience indices of typhoonprone areas, such as the coastal regions in Nansha, as a substitute tool for local governments, especially decision makers. In this study, we have therefore developed a hierarchical structure of indicators for resilience assessment that consists of indicators from different dimensions of resilience (i.e., social, economic, infrastructural, and natural) at the first level, a set of sub-factors used to describe the four dimensions at the second level, and more detailed indicators at the third level. Following the hierarchical structure, this study aggregated a set of indicators with a coupled FA and AHP approach and incorporated them into the typhoon resilience evaluation process. During the assessment procedure, the values for each indicator were calculated, and the final resilience assessment result was mapped with the use of several techniques, such as WRF for modeling the wind speeds and precipitation caused by typhoons, R software for predicting the typhoons' long-term return level, and GIS for visualizing typhoon resilience in the study area.
The results of this study demonstrate that resilience to typhoon disasters differs across the study area and that the resilience level and scores of its subcomponents (e.g., social, economic, infrastructural, and natural components) were not consistent either among or within sub- districts (or towns). The methods used here contribute to the melding of research on meteorology modeling and extreme value analysis with the development of composite resilience indicators. Using the WRF model to retrieve each typhoon track to simulate and extract the possible wind and precipitation levels in each grid square (1 × 1 km) greatly improved the resolution of data compared with traditional studies, whereas extreme value analysis of typhoons rather than direct use of raw historical data made a theoretical basement for local governments and urban planners to make site-specific decisions on typhoon preparation and recovery plans. Using a hierarchical framework that incorporated FA and AHP for resilience assessment made it possible to construct a composite resilience index from statistical, theoretical, and practical perspectives.
Because this is one of the first such attempts aimed at measuring resilience at a high spatial resolution and combining simulation, statistical analysis, and composite indicator studies, this study indicates areas of opportunity. Our first recommendation is that the modeling outcomes of typhoon disasters could be further improved if greater computing resources could be secured. Second, because Nansha is a newly established district of Guangzhou in Guangdong Province with a shortage of attributes of institutional systems, such as governance, policy, and management, institutional variables are not included within this framework. If data are available, the effects of institutional components could be considered in further studies. 
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